The measurements of electromagnetic field emissions, performed on board a vessel have showed that, in this specific environment, a high level of non-stationary magnetic fields (MFs) is observed. The adaptive time-frequency method can be used successfully to analyze this type of measured signal. It allows one to specify the time interval in which the individual frequency components of the signal occur. In this paper, the method of identification of non-stationary MF sources based on the matching pursuit (MP) algorithm is presented. It consists of the decomposition of an examined time-waveform into the linear expansion of chirplet atoms and the analysis of the matrix of their parameters. The main feature of the proposed method is the modification of the chirplet's matrix in a way that atoms, whose normalized energies are lower than a certain threshold, will be rejected. On the time-frequency planes of the spectrograms, obtained separately for each remaining chirlpet, it can clearly identify the time-frequency structures appearing in the examined signal. The choice of a threshold defines the computing speed and precision of the performed analysis. The method was implemented in the virtual application and used for processing real data, obtained from measurements of time-vary MF emissions onboard a ship.
Introduction
The aim of the research of a non-stationary magnetic field (MF) is to improve the tools for the analysis of low-frequency MF emissions in a ship's environment considering the limits for MF exposures, which are defined by International Commission on Non-Ionizing Radiation Protection (ICNIRP) [1] . The requirements for protection against multi-frequency steady-state MF emissions are determined by the formula indicated in ICNIRP guidelines. Instantaneous values of this summation formula can be estimated with a joint time-frequency-domain method of analyzing of the digitized magnetic-flux density time series acquired by measurement. The problem of the high MF emissions is important because the exposure to the MF may have biological effects, depending on the frequency range of fields, intensity of emissions, and conditions of exposure. The standard documents, both in the scope of the electromagnetic compatibility of technical equipment and in limiting human exposure to MF emissions, define the admissible limits of magnetic-field intensities [1, 2] . The effective methods of reduction of the undesirable emissions require the identification of the MF sources within the examined environment. The results of MF measurements performed on board of the Gdynia Maritime University research-training vessel during maneuvering and sea voyages indicate the places with a high level of MF emissions [3] . The MF spectrum spreads out mostly in the low-frequency range, below 2 kHz. The measured signals, representing MF induction waveforms consist of time-varying harmonics, in which magnitude, frequency and phase fluctuate over time. This type of signal has an evolutionary spectrum and can also include time-varying broadband spectral components. In order to analyze the non-stationary signal in time periods and its spectrum distribution, time-frequency methods can be used. Currently, many researchers of different fields use the adaptive time-frequency representation of signals to separate local structures of the signal and assess their characteristics [4] [5] [6] [7] [8] [9] [10] [11] [12] . The joint time-frequency methods allow the indication of a high time resolution some time periods, where the examined signal constituents of different frequencies appear. The measured waveforms corresponding to the sources of high-level MFs usually concentrate in a relatively narrow frequency band. After conversion to the joint time-frequency domain the dominant structures of the analyzed signal can be distinguished in a time-frequency plane. This way, the MF sources are identifiable in the tested environment. The presented paper proposes the method of the recognition of the low-frequency MF sources. The adaptive analysis, based on a matching pursuit (MP) procedure is applied. The MP approximation algorithm was introduced by Mallat and Zhang [13] and Qian and Chen [14] at the beginning of the 1990s. It is a kind of iterative algorithm, which decomposes any signal into a linear combination of elementary functions, called atoms, chosen within an over-complete dictionary in order to best match the signal structures [15] [16] [17] [18] . The bigger (more redundant) this dictionary is, the better the chance of finding a more accurate signal expansion. The choice of a type of atoms in a time-frequency dictionary is of extreme importance, since its features should ideally match the properties of the analyzed signals. The chirp functions with Gaussian envelopes (chirplets) effectively describe measured waveforms corresponding to a time-varying MF induction [18] . The next significant matter is the fixing of the optimal number of steps in the MP algorithm. The excessive number of elementary functions in the signal representation does not noticeably improve the accuracy of the approximation but significantly increases the processing time. There are some mathematical criteria for stopping the approximation; the most important of them are based upon the maximum number of iterations (e.g., due to hardware limitations) and the percentage of the signal's energy explained by the whole decomposition of the examined signal [13, 14] . The adaptive spectrogram is obtained by summing the Wigner-Ville distribution (WVD) of the signal's expansion. It characterizes the signal features in the time-frequency plane. Here, we propose calculating the adaptive spectrogram based on selected points of the chirplets instead of a large number of atoms from a redundant dictionary. In the time-frequency planes of the spectrograms, determined separately for each selected chirplet, it can visibly recognize the time-frequency structures revealed in the measured signals.
In the previous author's paper [18] the MP algorithm to perform an adaptive analysis of non-stationary MF emissions was described. Next, this advanced signal processing tool was applied to the identification of the sources of the MF on the plane of the spectrogram [19] . The presented paper is the extended version of the aforementioned paper, but many relevant changes and completions are introduced. In Section 2 the explanation of the methods based on the MP algorithm, which are applied in designed virtual instruments (VIs) are presented. Considerations on the impact of the size of a dictionary in the MP algorithm on the accuracy of the adaptive approximation of a signal are described in Section 3. Then, the proposed procedure of the identification of the main MF sources with the corresponding block diagram in a software environment are presented in Section 4. The exemplary results of the digital signal analyzing carried out using real measurement data collected onboard the Gdynia Maritime University research-training vessel are discussed in Section 5. Conclusions are reported in Section 6.
The Matching Pursuit Algorithm with Four-Parameter Chirplet Dictionary
The MP iterative algorithm provides a decomposition of a signal b(t) into a linear combination of elementary functions (atoms) g γ n (t) selected from a finite and redundant time-frequency dictionary using adaptive expansion of the signal [20] . The approximation of the signal b(t) after the M steps of iteration of the MP algorithm can be expressed by the following equation [13] :
where M determines the number of atoms (the size of the dictionary), R M b is the residue after selecting M atoms in the dictionary and a n is the expansion coefficient of g γ n (t), given by:
Considering Equation (1), it can be shown that the residue R M b exponentially converges describing an approximation error of the adaptive expansion b. The signal b is composed of a set of atoms that best matches its residues [15] . The type of the atoms g γ n (t) and their expansion coefficients a n allow the characterization of certain types of properties of b(t). The set of chosen elementary functions and their coefficients give meaningful knowledge about the internal structures of the signal under consideration.
Many signals, e.g., encountered in an electromagnetic environment of a ship, can be modeled as the chirplet-type functions. These kinds of the time-shifted and frequency-modulated functions are chosen as elements of a time-frequency dictionary because of the proper matching non-stationary signals [20] . The chirplet is a chirp function windowed with a Gaussian envelope, specified by four-parameters, defined by [21] :
where (t n , ω n , σ n , β n ) is the atom parameters set, (t n , ω n ) defines the time-frequency center of the chirplet, σ n is the Gaussian envelope's standard deviation and β n specifies the chirp rate. Equation (3) for β n = 0 describes the elementary function for the Gabor atoms. Figure 1 shows that in the case of an expansion of a signal, representing the magnetic field density (MFD) measured onboard of the vessel, using the dictionary with the chirplet atoms in comparison with the Gabor dictionary, gives faster convergence of the MP algorithm for about 100 iteration steps. The smaller dictionary sizes, e.g., equal to 30 cases, the level of approximation constitutes about 40% of the normalized energy (to the energy of an original signal) of the residue. Both dictionaries are just as effective. where M determines the number of atoms (the size of the dictionary), b R M is the residue after selecting M atoms in the dictionary and n a is the expansion coefficient of
Considering Equation (1) Many signals, e.g., encountered in an electromagnetic environment of a ship, can be modeled as the chirplet-type functions. These kinds of the time-shifted and frequency-modulated functions are chosen as elements of a time-frequency dictionary because of the proper matching non-stationary signals [20] . The chirplet is a chirp function windowed with a Gaussian envelope, specified by fourparameters, defined by [21] :
defines the time-frequency center of the chirplet, n  is the Gaussian envelope's standard deviation and n  specifies the chirp rate.
Equation (3) for n  = 0 describes the elementary function for the Gabor atoms. Figure 1 shows that in the case of an expansion of a signal, representing the magnetic field density (MFD) measured onboard of the vessel, using the dictionary with the chirplet atoms in comparison with the Gabor dictionary, gives faster convergence of the MP algorithm for about 100 iteration steps. The smaller dictionary sizes, e.g., equal to 30 cases, the level of approximation constitutes about 40% of the normalized energy (to the energy of an original signal) of the residue. Both dictionaries are just as effective. The MP method was applied in the virtual application, designed in LabVIEW software (version 2012, National Instruments Corporation, Austin, TX, USA) [22] (Figure 2 ). The numerical implementation of the presented method of the joint time-frequency analysis uses the LabVIEW library. There are VIs that implement an adaptive transform and adaptive expansion based on the MP algorithm. The discrete representation of the adaptive Gaussian function is defined by [22] : The MP method was applied in the virtual application, designed in LabVIEW software (version 2012, National Instruments Corporation, Austin, TX, USA) [22] (Figure 2 ). The numerical implementation of the presented method of the joint time-frequency analysis uses the LabVIEW library. There are VIs that implement an adaptive transform and adaptive expansion based on the MP algorithm. The discrete representation of the adaptive Gaussian function is defined by [22] : The VI Adaptive transform.vi ( Figure 3 ) is used to decompose an input signal into a linear combination of Gaussian chirplets, described by Equation (4). In Figure 3 the output Chirplet Info contains the parameters of each detected Gaussian chirplet elementary function, indicated in Table 1 . This VI also outputs the normalized energy of the residue. The reconstruction of the examined signal, based on the designated matrix of chirplet parameters, is performed by Adaptive Expansion.vi. The total energy of the input signal and the normalized energy of the signal expansion are calculated as a variance 2  of the values in the input signal and the signal expansion, respectively ( Figure 3 ). The VI Standard Deviation and Variance.vi determines the output value using the following expression [22] :
where K is the number of samples in a discrete The VI Adaptive transform.vi ( Figure 3 ) is used to decompose an input signal into a linear combination of Gaussian chirplets, described by Equation (4). In Figure 3 the output Chirplet Info contains the parameters of each detected Gaussian chirplet elementary function, indicated in Table 1 . This VI also outputs the normalized energy of the residue. The reconstruction of the examined signal, based on the designated matrix of chirplet parameters, is performed by Adaptive Expansion.vi. The total energy of the input signal and the normalized energy of the signal expansion are calculated as a variance σ 2 of the values in the input signal and the signal expansion, respectively ( Figure 3 ). The VI Standard Deviation and Variance.vi determines the output value using the following expression [22] :
where K is the number of samples in a discrete input The VI Adaptive transform.vi ( Figure 3 ) is used to decompose an input signal into a linear combination of Gaussian chirplets, described by Equation (4). In Figure 3 the output Chirplet Info contains the parameters of each detected Gaussian chirplet elementary function, indicated in Table 1 . This VI also outputs the normalized energy of the residue. The reconstruction of the examined signal, based on the designated matrix of chirplet parameters, is performed by Adaptive Expansion.vi. The total energy of the input signal and the normalized energy of the signal expansion are calculated as a variance 2  of the values in the input signal and the signal expansion, respectively ( Figure 3 ). The VI Standard Deviation and Variance.vi determines the output value using the following expression [22] :
where K is the number of samples in a discrete The numerical algorithm realizing an adaptive spectrogram of the signal is implemented in Adaptive spectrogram.vi. The adaptive spectrogram is computed by [22] :
The Optimal Size of the Dictionary in the MP Algorithm
The value of residue R M b in Equation (1) determines the approximation error of the expansion of the signal b after choosing M elementary functions from the time-frequency dictionary. It can be seen that the first few iterations of the algorithm separate the coherent parts of the signal, which are greatly correlated with atoms (Figures 4-6 ). The remaining residue does not correlate precisely with any dictionary atoms and its features are affected by the attractor of the chaotic map [20] . For large numbers of atoms in the chirplet dictionary the residue R M b meets a white noise realization and is fixed at an insignificantly low level (Figure 4) . At each step of iteration, the variance (energy) of the residue and the variance of the signal expansion are estimated and its comparison can be used as a stopping criteria of the procedure. In case of the measured signal, which is considered in this paper, the reconstructed signal includes about 90% of the total energy of the original signal after 200 iteration steps but the continuing pursuit does not lead to error reduction ( Figure 4 ). The numerical algorithm realizing an adaptive spectrogram of the signal is implemented in Adaptive spectrogram.vi. The adaptive spectrogram is computed by [22] :
The value of residue b R M in Equation (1) determines the approximation error of the expansion of the signal b after choosing M elementary functions from the time-frequency dictionary. It can be seen that the first few iterations of the algorithm separate the coherent parts of the signal, which are greatly correlated with atoms (Figures 4-6 ). The remaining residue does not correlate precisely with any dictionary atoms and its features are affected by the attractor of the chaotic map [20] . For large numbers of atoms in the chirplet dictionary the residue b R M meets a white noise realization and is fixed at an insignificantly low level (Figure 4) . At each step of iteration, the variance (energy) of the residue and the variance of the signal expansion are estimated and its comparison can be used as a stopping criteria of the procedure. In case of the measured signal, which is considered in this paper, the reconstructed signal includes about 90% of the total energy of the original signal after 200 iteration steps but the continuing pursuit does not lead to error reduction ( Figure 4) . The analysis of the parameters of each detected chirplet, such as the complex amplitude (Amplitude), the standard deviation of the Gaussian envelope (Standard Deviation), center time (Center), center frequency (Frequency) of the chirplet, and the chirp rate (ChirpRrate) ( Table 1) , are included in the matrix appearing at the output of Adaptive transform.vi (Figure 3 ) which allows for the indication of the dominant components in the adapted approximation of the observed signal. Figure 7 shows the part of the block diagram of the virtual analyzer that computes the normalized energy of the individual chirplets. The analysis of the parameters of each detected chirplet, such as the complex amplitude (Amplitude), the standard deviation of the Gaussian envelope (Standard Deviation), center time (Center), center frequency (Frequency) of the chirplet, and the chirp rate (ChirpRrate) ( Table 1) , are included in the matrix appearing at the output of Adaptive transform.vi (Figure 3 ) which allows for the indication of the dominant components in the adapted approximation of the observed signal. Figure 7 shows the part of the block diagram of the virtual analyzer that computes the normalized energy of the individual chirplets. The analysis of the parameters of each detected chirplet, such as the complex amplitude (Amplitude), the standard deviation of the Gaussian envelope (Standard Deviation), center time (Center), center frequency (Frequency) of the chirplet, and the chirp rate (ChirpRrate) ( Table 1) , are included in the matrix appearing at the output of Adaptive transform.vi (Figure 3 ) which allows for the indication of the dominant components in the adapted approximation of the observed signal. Figure 7 shows the part of the block diagram of the virtual analyzer that computes the normalized energy of the individual chirplets. The analysis of the parameters of each detected chirplet, such as the complex amplitude (Amplitude), the standard deviation of the Gaussian envelope (Standard Deviation), center time (Center), center frequency (Frequency) of the chirplet, and the chirp rate (ChirpRrate) ( Table 1) , are included in the matrix appearing at the output of Adaptive transform.vi (Figure 3 ) which allows for the indication of the dominant components in the adapted approximation of the observed signal. Figure 7 shows the part of the block diagram of the virtual analyzer that computes the normalized energy of the individual chirplets. The subVI visualizes the time-waveform of each chirplet and calculates its spectrogram. The array containing the normalized energies of individual chirplets is obtained on the output of For loop of this subVI. Figure 8 presents the results of the analysis performed using the previously-mentioned subVI. The time-waveforms of single components of the signal expansion correspond to the selected chirplets. While running an MP algorithm, the elementary functions are chosen mostly in decreasing order of magnitude. The stopping criterion of the procedure is achieved when, in the next stage of the decomposition, a normalized energy of atom is smaller than an assumed threshold. In the case of the multicomponent signal, composed of distinct time-frequency structures, the MP procedure requires a large-sized dictionary and consistently becomes computationally inefficient.
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The subVI visualizes the time-waveform of each chirplet and calculates its spectrogram. The array containing the normalized energies of individual chirplets is obtained on the output of For loop of this subVI. Figure 8 presents the results of the analysis performed using the previously-mentioned subVI. The time-waveforms of single components of the signal expansion correspond to the selected chirplets. While running an MP algorithm, the elementary functions are chosen mostly in decreasing order of magnitude. The stopping criterion of the procedure is achieved when, in the next stage of the decomposition, a normalized energy of atom is smaller than an assumed threshold. In the case of the multicomponent signal, composed of distinct time-frequency structures, the MP procedure requires a large-sized dictionary and consistently becomes computationally inefficient.
(g) (h) Figure 8 . The time waveforms of the components of reconstructed signal representing chirlpet atoms described in Table 1 The method that effectively allows the extraction of the dominant structure from the examined signal consists of the rejection from the aforementioned matrix of these chirplet atoms, whose energy is lower than a certain threshold. Table 1 shows that the main chirplet in the reconstructed signal, which explains about 59% of total energy, is waveform no 1. Instead of calculating the adaptive spectrogram for a large number of atoms that belong to a redundant dictionary it is sufficient to process selected points of the chirplets. The choice of a threshold determines the computing speed and accuracy of the performing analysis. On the time-frequency planes of the spectrograms, estimated separately for each detected chirplet, the time-frequency structures coming out in the examined signal can distinctly identified (Figure 9 ).
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The method that effectively allows the extraction of the dominant structure from the examined signal consists of the rejection from the aforementioned matrix of these chirplet atoms, whose energy is lower than a certain threshold. Table 1 shows that the main chirplet in the reconstructed signal, which explains about 59% of total energy, is waveform no 1. Instead of calculating the adaptive spectrogram for a large number of atoms that belong to a redundant dictionary it is sufficient to process selected points of the chirplets. The choice of a threshold determines the computing speed and accuracy of the performing analysis. On the time-frequency planes of the spectrograms, estimated separately for each detected chirplet, the time-frequency structures coming out in the examined signal can distinctly identified (Figure 9 ).
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The Method for Source Identification
Due to the previous considerations, the method of source identification can be stated as follows:
 Approximate a measured time-waveform into the linear expansion of chirplet atoms. The size of the dictionary chosen in the expansion of the measured signal is indicated on the basis of the percentage of the signal's energy explained by the adaptive approximation. In practice, the approximation has good attributes if the reconstructed signal explains about 80% of the total energy. It emphasizes the coherence between the chirplet dictionary and most of the signal's structures.  Modify the obtained matrix containing the parameters of each detected Gaussian chirplet. Find the dominant components in the examined signal. Figure 11 shows the part of the block diagram of the virtual analyzer that examines the matrix of the chirplet parameter and computes the modified adaptive spectrogram. The normalized energy of single detected atom is compared with the inserting threshold. The rejection of a single chirplet is carried out using the procedure that compares the normalized energy of each elementary function with the threshold and removes the corresponding column of the matrix.  Estimate the adaptive transform of the processed signal (the adaptive spectrogram). The calculation of the quadratic time-frequency representation of the signal is performed for the reduced matrix of the chirplet parameter. The dominant time-frequency signal structures, describing the features of observed signals, are indicated on the time-frequency plane of the resulting spectrogram.
• Approximate a measured time-waveform into the linear expansion of chirplet atoms. The size of the dictionary chosen in the expansion of the measured signal is indicated on the basis of the percentage of the signal's energy explained by the adaptive approximation. In practice, the approximation has good attributes if the reconstructed signal explains about 80% of the total energy. It emphasizes the coherence between the chirplet dictionary and most of the signal's structures.
•
Modify the obtained matrix containing the parameters of each detected Gaussian chirplet. Find the dominant components in the examined signal. Figure 11 shows the part of the block diagram of the virtual analyzer that examines the matrix of the chirplet parameter and computes the modified adaptive spectrogram. The normalized energy of single detected atom is compared with the inserting threshold. The rejection of a single chirplet is carried out using the procedure that compares the normalized energy of each elementary function with the threshold and removes the corresponding column of the matrix.
Estimate the adaptive transform of the processed signal (the adaptive spectrogram). The calculation of the quadratic time-frequency representation of the signal is performed for the reduced matrix of the chirplet parameter. 
Selected Analysis Results
The novel method of analysis has been applied for processing of real data, measured onboard of the vessel (Figure 12 ). The measurement procedure consists of two unattached steps. The acquisition of the time-waveforms corresponding to the instantaneous values of the MF induction was first performed. Then, the offline analyses, by means of a virtual application in the NI LabVIEW graphical environment, were carried out. The obtained results indicate that the highest level of the MF intensity occurs near the cable supplying the bow thruster motor. The recorded timewaveform for the short time-window in this measurement point is presented in Figure 13 . The timefrequency representation corresponding to this signal shows that the dominant spectral components appear mainly in the low frequency range (Figure 14) . The spectrograms are computed with 2048 lines of frequency and time, respectively. The size of the chirplet dictionary is equal to 100. Furthermore, stationary constituents, as well as nonstationary constituents of varied intensities, are visible in the time-frequency plane through the entire time. Note that the dominant time-frequency structures, appearing below 26 Hz, proves the existence of the main source of the MF density ( Figure  14c ). The obtained structures represent the signal component corresponded to the output frequency of the converter. The bow thruster is driven by the squirrel cage asynchronous motor, supplied from a frequency converter with an output frequency fixing within the frequency range from 0 to 30 Hz. 
The novel method of analysis has been applied for processing of real data, measured onboard of the vessel (Figure 12 ). The measurement procedure consists of two unattached steps. 
The novel method of analysis has been applied for processing of real data, measured onboard of the vessel (Figure 12 ). The measurement procedure consists of two unattached steps. The acquisition of the time-waveforms corresponding to the instantaneous values of the MF induction was first performed. Then, the offline analyses, by means of a virtual application in the NI LabVIEW graphical environment, were carried out. The obtained results indicate that the highest level of the MF intensity occurs near the cable supplying the bow thruster motor. The recorded timewaveform for the short time-window in this measurement point is presented in Figure 13 . The timefrequency representation corresponding to this signal shows that the dominant spectral components appear mainly in the low frequency range (Figure 14) . The spectrograms are computed with 2048 lines of frequency and time, respectively. The size of the chirplet dictionary is equal to 100. Furthermore, stationary constituents, as well as nonstationary constituents of varied intensities, are visible in the time-frequency plane through the entire time. Note that the dominant time-frequency structures, appearing below 26 Hz, proves the existence of the main source of the MF density ( Figure  14c ). The obtained structures represent the signal component corresponded to the output frequency of the converter. The bow thruster is driven by the squirrel cage asynchronous motor, supplied from a frequency converter with an output frequency fixing within the frequency range from 0 to 30 Hz. The acquisition of the time-waveforms corresponding to the instantaneous values of the MF induction was first performed. Then, the offline analyses, by means of a virtual application in the NI LabVIEW graphical environment, were carried out. The obtained results indicate that the highest level of the MF intensity occurs near the cable supplying the bow thruster motor. The recorded time-waveform for the short time-window in this measurement point is presented in Figure 13 . The time-frequency representation corresponding to this signal shows that the dominant spectral components appear mainly in the low frequency range (Figure 14) . The spectrograms are computed with 2048 lines of frequency and time, respectively. The size of the chirplet dictionary is equal to 100. Furthermore, stationary constituents, as well as nonstationary constituents of varied intensities, are visible in the time-frequency plane through the entire time. Note that the dominant time-frequency structures, appearing below 26 Hz, proves the existence of the main source of the MF density (Figure 14c ). The obtained structures represent the signal component corresponded to the output frequency of the converter. The bow thruster is driven by the squirrel cage asynchronous motor, supplied from a frequency converter with an output frequency fixing within the frequency range from 0 to 30 Hz. The modification of the chirplet matrix that consists in a rejection of more than 70 atoms in the signal approximation enables the calculation of the adaptive time-frequency transform for the smaller number of the elementary functions. The reconstructed signal still explains about 80% of the signal total energy. The resulting spectrogram for the size of the chirplet dictionary equals 25, and is illustrated in Figure 14d . In the time-frequency plane it is easy to find the signal structures corresponding to the frequency converter emitting the MF of the highest intensity.
The level of noise, occurring in the time-frequency representation of the measured signal has been significantly decreased at the same time. Moreover, the efficiency of the algorithm improved because of the computing speed.
Final Remarks
The new method of the MF source identification has been proposed in the paper. The chirplet MP algorithm has an advantage of decomposing a time-varying signal into a linear approximation of elementary functions that best adapt to signal structures. The size of a dictionary in the expansion of the analyzed signal is fixed on the basis of the percentage of the signal's variance explained by the decomposition. The modification of the matrix, including the parameters of each chosen chirplet, The modification of the chirplet matrix that consists in a rejection of more than 70 atoms in the signal approximation enables the calculation of the adaptive time-frequency transform for the smaller number of the elementary functions. The reconstructed signal still explains about 80% of the signal total energy. The resulting spectrogram for the size of the chirplet dictionary equals 25, and is illustrated in Figure 14d . In the time-frequency plane it is easy to find the signal structures corresponding to the frequency converter emitting the MF of the highest intensity.
The new method of the MF source identification has been proposed in the paper. The chirplet MP algorithm has an advantage of decomposing a time-varying signal into a linear approximation of elementary functions that best adapt to signal structures. The size of a dictionary in the expansion of the analyzed signal is fixed on the basis of the percentage of the signal's variance explained by the decomposition. The modification of the matrix, including the parameters of each chosen chirplet, enables the recognition of the main components in the signal expansion. The rejection of chirplets with the lowest normalized energy from the calculated matrix makes it possible to distinguish the dominant time-frequency structures on the plane of the resulting spectrogram. In this way, the sources of the magnetic field occurring in a measurement environment can be recognized. The proposed method is an efficient procedure for estimating an adaptive spectrogram with moderate processing time to identify the sources of the highest MF intensity.
